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Rolling bearing fault diagnosis based on multi-band feature map

and improved SqueezeNet
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Abstract: At present, fault diagnosis methods based on deep learning generally have the problems of large
model parameters and long diagnosis times, and the diagnostic performance will be greatly reduced in noisy
environments. This paper proposes a fast and lightweight intelligent diagnosis model for rolling bearing
fault diagnosis. Firstly, the parameters of the variational mode decomposition (VMD) are optimized using
the osprey optimization algorithm (OOA) to design a unique multi-frequency band grayscale feature map
based on the intrinsic mode function (IMF) component. Then a residual attention mechanism module
(RAM) is designed based on the efficient channel attention (ECA) module, which is integrated into the
SqueezeNet model, and the K-nearest neighbor (KNN) method is used instead of the Softmax function to
identify and classify the faults, and the RSqueezeNet—~KNN model is established. Experimental results on
two bearing datasets show that the model is able to achieve lightweight applications with excellent

diagnostic performance compared to other methods in noisy environments.
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Fig. 11 Comparison of time—domain waveforms and spectra of Bal after VMD and OOA-VMD processing
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Table 3 Accuracy and training time in different

hyperparameter combinations

HS A G LR/ Yl ik il /s
A 99.01 145.6
B 99.15 101.5
C 99.08 92.8
D 99.43 150.6
E 99.70 85.6
F 99.58 90.5
G 96.02 149.5
H 95.10 105.1
1 88.78 89.0
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Fig. 12 Grayscale feature images of ten state types in case one
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Table 4 Diagnosis results of models in different

proportions of label

Fr 2 M 75 % (Label noisy rate, LNR)

How
0% 2% 5% 10%
100 99.60 99.35 99.13
RSqueezeNet-KNN
+0 +0.27  £040 £04

99.70 99.20 99.03 98.80

RSqueezeNet
+0.21 +0.32  £041 £0.51
99.35 99.13 98.93 98.80
SqueezeNet
+0.4 +0.4 +0.53  +£0.53
99.35 99.16 98.75 96.53
AlexNet
40.49 +0.61 £088 +1.97
98.70 98.45 98.33 97.50
ResNet

+0.55 +0.47  +£0.39  £0.77

100 99.59 99.30 98.66
+0 +0.33 +£0.32  £0.35
99.23 98.77 97.74 95.50
+0.35 +0.32  £0.35 £0.33

WT-IResNet'?!

WT-ResNet'?
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Table 5 Comparison of parameters and training

time of models

iR ZH/MB IR A] /s
RSqueezeNet-KNN 0.015 85.849
RSqueezeNet 0.015 85.6
SqueezeNet 0.031 95.2
AlexNet 24.723 143.2
ResNet 0.041 121.7
WT-IResNet 0.132 661
WT-ResNet */ 0.148 278

SR WT-IResNet B il RSqueeeNet-KNN AL (1)
W AR AR AL, 11 RSqueeNet-KNN A 1)
2 BRI 45 B () #6 H W T-TResNet B2 71 15 &
LR5 % IS W E B A B SR IR ) 3 04
b, RSqueezeNet-KNN A5 # i ¥ EAS A T HoAh L
TR,

ST 0 B M W 2% RSqueezeNet-KNN 5
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Fig. 13 Confusion matrices of forecast results in different noise labels
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Fig. 14 Comparison of performance of diagnosis mod-

els in different noise environments in case one
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Fig. 15 Physical diagram of an aero—engine compressor

rotor experiment device in case two
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Table 6 Aero—engine compressor rotor tester bearing

state data description

BhRIRAS g BURKE FEA%R Hd/(rminT)
EH# Norm 1024 800 1500
TR B R Ball 1024 800 1500
PR P il Inner 1024 800 1500
A e Outer 1024 800 1500
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Table 7 The best parameter combinations [ K, & ]

in case two

bR K a
Norm 7 1999
Ball 7 1934
Inner 7 1991
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Fig. 16 Time-domain waveform and frequency spectrum of Bal after OOA-VMD in case two
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Table 8 Diagnosis results of models in different

proportions of label in case two

FRAE G A</ LNR

i

=3

0% 2% 5% 10%

100 99.97 99.91 99.89

RSqueezeNet-KNN
+0.06 +£0.12 £0.12

99.95 99.87 99.84 99.75

RSqueezeNet
+0.07  +0.14 +£0.21 £0.27
99.94 99.87 98.83 99.67
SqueezeNet
+0.1 +0.09 +£0.13 £0.32
99.94 99.62 99.47 99.38
AlexNet
+0.14 £0.14 +0.12 +£0.21
99.86 99.72 99.72 99.63
ResNet

+0.08 +0.13 £0.13  £0.17

100 99.91 99.91 99.87
+0 +0.08  4+0.08 +£0.13
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+0 +0.10  4+0.10 +£0.24

WT-ResNet !

(4) PREE MRS T 192 Wi ik g

&1 18 Sy A SCASE AU 55 HA A AL IS fin AN [A] SNR
Ja 2 W IE B R X F 45 S, RSqueezeNet—-KNN £
BRI 2~10 dB 4545 T BEA8 3K 2] 10096 B 1 iy %
FLA TR 58 1Y R AIE 27 2] RN R 2 BT 7Y R

100 : : :

99

98

97
S 96
M 95 —e—RSqueezeNet-KNN
8 —o—RSqueezeNet
K 94y —e—SqueezeNet

AlexNet
93 ——ResNet
92 WT-IResNet
——CNN-LSTM
91 —e—VMD-DCNNs
90 I I I I I I 1
—4 -2 0 2 4 6 8 10
SNR/dB

18 W RIRAFRE RIS SR A RE LB
Fig. 18 Comparison of performance of diagnosis models

in different noise environments in case two
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